Benthopelagic animals are an important component of the deep-sea ecosystem, yet are notoriously difficult to study. Multibeam echosounders (MBES) deployed on autonomous underwater vehicles (AUVs) represent a promising technology for monitoring this elusive fauna at relatively high spatial and temporal resolution. However, application of this remote-sensing technology to the study of small (relative to the sampling resolution), dispersed and mobile animals at depth does not come without significant challenges with respect to data collection, data processing and vessel avoidance. As a proof of concept, we used data from a downward-looking RESON SeaBat 7125 MBES mounted on a Dorado-class AUV to detect and characterise the location and movement of backscattering targets (which were likely to have been individual fish or squid) within 50 m of the seafloor at~800 m depth in Monterey Bay, California. The targets were detected and tracked, enabling their numerical density and movement to be characterised. The results revealed a consistent movement of targets downwards away from the AUV that we interpreted as an avoidance response. The large volume and complexity of the data presented a computational challenge, while reverberation and noise, spatial confounding and a marginal sampling resolution relative to the size of the targets caused difficulties for reliable and comprehensive target detection and tracking. Nevertheless, the results demonstrate that an AUV-mounted MBES has the potential to provide unique and detailed information on the in situ abundance, distribution, size and behaviour of both individual and aggregated deep-sea benthopelagic animals. We provide detailed data-processing information for those interested in working with MBES water-column data, and a critical appraisal of the data in the context of aquatic ecosystem research. We consider future directions for deep-sea water-column echosounding, and reinforce the importance of measures to mitigate vessel avoidance in studies of aquatic ecosystems.
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Benthopelagic animals are an important component of the deep-sea ecosystem, yet are notoriously difficult to study. Multibeam echosounders (MBES) deployed on autonomous underwater vehicles (AUVs) represent a promising technology for monitoring this elusive fauna at relatively high spatial and temporal resolution. However, application of this remote-sensing technology to the study of small (relative to the sampling resolution), dispersed and mobile animals at depth does not come without significant challenges with respect to data collection, data processing and vessel avoidance. As a proof of concept, we used data from a downward-looking RESON SeaBat 7125 MBES mounted on a Dorado-class AUV to detect and characterise the location and movement of backscattering targets (which were likely to have been individual fish or squid) within 50 m of the seafloor at~800 m depth in Monterey Bay, California. The targets were detected and tracked, enabling their numerical density and movement to be characterised. The results revealed a consistent movement of targets downwards away from the AUV that we interpreted as an avoidance response. The large volume and complexity of the data presented a computational challenge, while reverberation and noise, spatial confounding and a marginal sampling resolution relative to the size of the targets caused difficulties for reliable and comprehensive target detection and tracking. Nevertheless, the results demonstrate that an AUV-mounted MBES has the potential to provide unique and detailed information on the in situ abundance, distribution, size and behaviour of both individual and aggregated deep-sea benthopelagic animals. We provide detailed data-processing information for those interested in working with MBES water-column data, and a critical appraisal of the data in the context of aquatic ecosystem research. We consider future directions for deep-sea water-column echosounding, and reinforce the importance of measures to mitigate vessel avoidance in studies of aquatic ecosystems.
Introduction
The deep sea is Earth's largest ecosystem. An understanding of deepsea ecology underpins our ability to sustainably manage this fragile ecosystem and to quantify its critical role in the biogeochemical cycling of carbon and nitrogen (e.g. Koslow et al., 2000; Smith et al., 2009 ), yet we still know relatively little about key ecological parameters such as animal abundance, distribution, size, behaviour and trophic interaction (Webb et al., 2010; Danovaro et al., 2014) . Benthopelagic animals are those that spend at least some of their time in the layer of water just above the bottom (the benthic boundary layer, BBL; McCave, 1976) . In the deep sea, the BBL can extend for 100 m or so above the bottom and is of particular interest due to its elevated biomass and biodiversity compared to the water above (Angel and Boxshall, 1990; Robison, 2004) . Deep-sea benthopelagic animals include medusae, holothurians, cephalopods, copepods, decapods and fish (e.g. Wishner, 1980; Smith, 1982; Herring, 2001) . They are known to contribute to the flow of carbon through the ecosystem (Smith, 1992) but are elusive due to the logistical difficulties of sampling at depth (e.g. Bailey et al., 2005; Drazen and Seibel, 2007) . The various constraints imposed by the deepsea environment are such that individuals tend to move slowly (Robison, 2004) and are dispersed (e.g. fish generally predate or scavenge as solitary individuals; Gage and Tyler, 1991; Koslow et al., 2000) . Some species do form aggregations of varying sizes and densities, but these are unlikely to reach the proportions of their shallowerwater counterparts. Deep-sea benthopelagic animals may range in body size from millimeter scale (e.g. 0.6 mm for calanoid copepods in the Gulf of California; Wiebe et al., 1988) to meter scale (e.g. 6.4 m for Greenland sharks in the Arctic Ocean; MacNeil et al., 2012) , and the relationship between size and depth appears to vary with species and location (Stefanescu et al., 1992; Collins et al., 2005) .
To date, the primary tools for studying the deep-sea BBL have been trawls, submersibles (human occupied vehicles, HOVs), remotely operated vehicles (ROVs), camera sleds and baited landers (Robison, 2004) , each of which have their limitations (Raymond, 2008) . Active sonars (echosounders) mounted on autonomous underwater vehicles (AUVs) represent a promising technology for addressing some of these limitations. Echosounders are widely used in freshwater and marine environments to study aquatic animals because they offer the ability to non-invasively monitor large volumes of water at high spatial and temporal resolution (Rudstam et al., 2012; Benoit-Bird and Lawson, 2016) . They are therefore valuable tools to consider for deep-sea applications but, despite a number of studies to date (e.g. Smith et al., 1989 Smith et al., , 1992 Kloser, 1996; Smith and Baldwin, 1997; Urmy et al., 2012) , have yet to gain widespread use in this environment. AUVs are being increasingly used as platforms for echosounders (e.g. Fernandes et al., 2003; Moline et al., 2015) , in large part because they can carry these range-limited instruments closer to the targets of interest (e.g. BenoitBird et al., 2017) . The fact that AUVs rarely use lights and are generally very quiet should help to minimise observer bias associated with animal avoidance or attraction (Griffiths et al., 2001; Clarke et al., 2010) , but this question has received limited research attention in the deep sea.
Broadly speaking there are two types of echosounder: single-beam echosounders (SBES) and multibeam echosounders (MBES). The main benefit of an MBES over an SBES is that it can measure a much larger volume of water while maintaining the same or (typically) better sampling resolution (Gerlotto et al., 1999) . MBES technology became available for non-military seafloor depth mapping (hydrography) in the 1970s (Renard and Allenou, 1979) , and has since been adapted for habitat mapping (Brown and Blondel, 2009 ) and the detection and characterisation of water-column backscattering targets such as marine mammals, diving birds, fish, zooplankton, suspended sediment and gas bubbles (e.g. Axelsen et al., 2001; Andersen et al., 2006; Benoit-Bird and Au, 2009; Cox et al., 2009; Simmons et al., 2009; Weber et al., 2012; Hightower et al., 2013; Melvin and Cochrane, 2014; Vatnehol, 2016) . MBES water-column measurements are also proving useful in characterising the full extent of objects on the bottom such as wrecks that may otherwise have been missed during a traditional hydrographic survey (e.g. Hughes Clarke et al., 2006) .
In this paper we describe a proof of concept regarding the ability of an AUV-mounted MBES to detect and characterise deep-sea benthopelagic animals, and we examine whether the presence of the AUV influenced their behaviour. We provide detailed data-processing information for those interested in working with MBES water-column data, and a critical appraisal of the data to stimulate ideas for the ongoing use of echosounders for deep-sea water-column research.
Materials and methods
AUV setup and deployment
The D. Allan B. is a 0.5 m-diameter, 5.2 m-long Dorado-class AUV designed and built by Monterey Bay Aquarium Research Institute (MBARI) for high-resolution seafloor mapping at depths of up to 6000 m (Caress et al., 2008) . Of the payload described in Caress et al. (2008) , the instruments in operation on the AUV during this survey were the 200/400 kHz SeaBat 7125-AUV MBES (Teledyne RESON, Denmark), the 19/27 kHz ultra-short baseline (USBL) sonar beacon (Sonardyne, UK), the 8-15 kHz acoustic modem (Teledyne Benthos, USA), the Seadevil inertial navigation system (INS; Kearfott, USA), the 300 kHz Doppler velocity log (DVL; Teledyne RD Instruments, USA), the Digiquartz pressure sensor (Paroscientific, USA) and the SBE 49 FastCAT conductivity/temperature/depth (CTD) sensor (Sea-Bird Scientific, USA).
The AUV was deployed from RV Rachel Carson at Smooth Ridge in Monterey Bay, California (Fig. 1 ) on 7th November 2012 to a depth of 800 m (~50 m above the seafloor). Smooth Ridge is a gentle sloping flank covered in sand and sandy mud on the continental slope north of Monterey Canyon, and the AUV survey site was located approximately 4 km from the Monterey Accelerated Research System (MARS) observatory (http://www.mbari.org/at-sea/cabled-observatory). The AUV made multiple repeats of a square survey track of side length 200 m, moving at~1 m s −1 in a clockwise direction and covering a total distance over ground of~47 km within the coordinates 36. 724-36.727°N and 122.197-122.199°W (Fig. 2 ).
MBES data collection
The SeaBat 7125 (RESON, 2011) is a 2D "swath" MBES capable of recording high-resolution samples of backscattered acoustic pressure (as voltage) that can be used for both water-column and bottom studies (e.g. Weber et al., 2009; Galparsoro et al., 2015) . On this deployment the MBES projector and hydrophone were oriented downwards and the system was configured to calculate 256 equiangular sound beams at 400 kHz (nominally 1°along-track by 0.5°across-track per beam), resulting in a 1°along-track by 128.1°across-track fan (swath) for each narrowband transmission (aka ping or pulse) ( Table 1) . The MBES and the DVL pinged simultaneously at a rate of 3 pings s −1 . RESON 6046
Payload Controller software (Teledyne RESON, Denmark) installed on the AUV's main vehicle computer was used to control the MBES and to record data in the RESON 7k binary data format (s7k files; RESON, 2016). The s7k "record types" of relevance here are record 7000 ("7k Sonar Settings"), record 7004 ("7k Beam Geometry") and record 7018 ("7k Beamformed Data") (see Eq.
(1) and Table 1 ). The GPS, pitch, roll and heading measurements made by the INS were recorded separately in a comma-separated values (csv) file. The accuracy of the nominal environment and MBES-system properties (see Table 1 ) was not evaluated for this study. The relationship between the raw receiver measurements (see Section 2.3.1) and the acoustic pressure in front of the hydrophone is understood to be complex and potentially non-linear, and the manufacturer recommends that the SeaBat 7125 is not used for quantitative applications (Gorm Wendelboe, pers. comm.). However, K.M. Dunlop et al. Deep-Sea Research Part I 134 (2018) 64-79 calibration methods (i.e. methods for characterising system performance) have been proposed for this instrument (e.g. Lanzoni and Weber, 2011; Wendelboe et al., 2012; Welton, 2014) , and it has been shown that it can operate in a linear way under certain conditions (Greenaway and Weber, 2010) .
MBES data processing
A subset of the MBES data (one westward pass of the southern side of the survey track, see Table 1 ) was processed using Echoview version 7.1 (Echoview Software, Australia), as detailed in Table 2 , Fig. 3 , the supplementary materials and below. For those interested in the details of processing water-column MBES data, Echoview-specific items are presented in a different font. Extensive details regarding these items can be found in the Echoview Help file, which is publically available both with the software (Help > Contents) and online (Echoview Software, 2016) , hence we will describe their application but not their detailed function here.
Data calibration
Data calibration is defined here as the process of establishing, for each sample, the correct location in space and time and the correct backscattering strength. For water-column targets, backscattering strength is typically presented in terms of target strength (TS in dB re 1 m 2 ) for point targets, and volume backscattering strength (S v in dB re 1 m 2 m −3
) for extended (volume) targets (sensu Lurton, 2002 ( 1) where:
• m (unitless, linear) is the raw receiver measurement (a data type called multibeam magnitude) for each digitised sample, read from record 7018 and variously referred to as either "magnitude" or "amplitude" (RESON, 2016) . This is the "digital number" (dn) described by Welton (2014) that is proportional to receiver voltage (Gorm Wendelboe, pers. comm.) plus a "receiver gain" function calculated by the 6046 acquisition software according to the "TVG formula" tlog 10 r + 2α a r + G 0 (see below, Table 1 and RESON, 2011 for term definitions).
• t (unitless, linear) is a transmission-loss term (spreading-loss coefficient) specified by the user as "spreading" in the 6046 acquisition software and read from record 7000 (Table 1) . t was left at the 6046 software default of 30 for this survey (the value used in bottom studies for calculating bottom backscattering strength, S b in dB re 1, see Jackson and Richardson, 2007) , noting from Eq. (1) that Echoview effectively removes this and replaces it with a value of 20 (the value used in water-column studies for calculating S v );
• r (in m) is the radial range from the transducer to the start of the sample, calculated by Echoview from the sample number based on a start range of 0 m, the sampling rate (in samples s −1
) obtained from K.M. Dunlop et al. Deep-Sea Research Part I 134 (2018) 64-79 the "sample rate" value in record 7000, the water sound speed (c w in m s −1
) obtained from the "sound velocity" value in record 7000, and the number of samples per beam obtained from the "samples" value in record 7018 (see Table 1 );
• C (in dB re 1 m 2 m −3 ) is an offset value (called calibration offset) specified by the user in Echoview to account for the remaining terms in the "sonar" (echosounder) equation for S v (see Section 4.2.1, Eq. (2)). C was set to 0 for this paper, hence the sample backscattering strengths represented S vu (uncalibrated S v ) and ranged in value from (approximately) −10 to +70 dB re 1 m 2 m −3
.
Each sample was located as accurately as possible in terms of latitude, longitude and depth. The INS latitude/longitude measurements (added as a gps.csv file to a separate fileset) were matched with each MBES ping on the basis of date/time. Each sample was placed in 3D space using the sample ranges (Eq. (1)) and beam-steering angles calculated from the s7k records ("projector beam steering angle vertical/ horizontal" values in radians are available from record 7000), and the transducer geometry values specified under transducer properties (elevation/azimuth/rotation= 0°, XYZ offsets from the GPS = 0 m). Sample locations were adjusted further based on the AUV depth and roll measurements. AUV depth was imported as a line definition file (evl file), and the resulting editable line (which we called "AUV depth") was used as the heave source (specified under platform properties) to define the starting depth for each ping. AUV roll was added as a roll.csv file to a separate fileset, and used as the source data (operand) for the roll-correction operator (Multibeam Roll at Transducer).
Data cleaning
The Ping Subset operator was used to exclude pings that were collected after the AUV turned north from its westward course. Statistical algorithms were applied to the sample S vu values in the retained pings (by applying operators as detailed in Table 2 ) to remove reverberation (unwanted backscatter) and noise (both terms sensu Simmonds and MacLennan, 2005) (Fig. 4) . The particular algorithms and settings chosen from the range of options in Echoview 7.1 were those that appeared to clean the data most effectively, as verified by visual inspection of the resulting multibeam echograms.
Target detection and tracking
An image-analysis algorithm (the Multibeam Target Detection operator) was applied to the cleaned data to detect contiguous clusters of above-threshold S vu samples in each ping (Fig. 5) . Each cluster represented the cross-section of a target at a given point in space and time (where a target is an object with a density sufficiently different to that of the surrounding water, sensu Simmonds and MacLennan, 2005) . It was not possible to confirm from the cross-sections whether each target was an individual (such as a single fish or gas bubble) or an aggregation of individuals (such as a school of fish or cluster of bubbles), nor whether it was completely insonified within the MBES swath (a point target, sensu Lurton, 2002) or whether it extended beyond the swath (an extended target, sensu Lurton, 2002) in the alongtrack dimension (see Section 4.4). The location of each cross-section was defined by Echoview as its geometric centre in the across-track and Table 1 Key properties of the MBES data analysed in this paper, representing a small subset of s7k data files selected from the entire survey dataset. These files included one westward pass (transect) of the southern side of the survey track shown in Fig. 2 . Terms, symbols and units are consistent with Demer et al. (2015) . Deep-Sea Research Part I 134 (2018) [64] [65] [66] [67] [68] [69] [70] [71] [72] [73] [74] [75] [76] [77] [78] [79] Table 2 The MBES data-processing workflow performed in Echoview 7.1 (see also Section 2.3, Fig. 3 and the supplementary materials). Echoview-specific items are presented in a different font.
Comprehensive details regarding software function can be found in the Echoview Help file, which is publically available both with the software (Help > Contents)
and online (Echoview Software, 2016). , see Table 2 ) was chosen based on visual inspection of the multibeam echograms. Cross-sections were excluded from further analysis (filtered) if their length across beams (LAB; see Table 3 ) was either 0 cm or > 150 cm and/or they were within the DVL-noise zone (Fig. 4C ) or sidelobe-interference zone (Fig. 4F ) (defined as rangebased exclusion lines). Cross-sections with a LAB of 0 cm were considered questionable as being representative of a biological target (because they were detected in one beam only and hence hard to distinguish from any remaining noise), while visual inspection of the echograms revealed that cross-sections with a LAB > 150 cm were due to the erroneous detection of high-S vu noise artefacts that still remained after cleaning (see Fig. 6 and Section 4.3).
A target-tracking algorithm (called fish tracking and derived from Blackman, 1986 ) was applied to the filtered cross-sections to identify detections of the same target over multiple pings (tracks). Tracking is intended to characterise the movement of a target in space and time, which assumes that the location of each cross-section in each ping approximates the geometric centre of the target (see Section 4.5). In essence, the algorithm attempts to determine whether or not the space and time difference between point targets in different pings means that those targets are likely to be the same object. Tracks are created based on a sequence of adjustable settings (Table 2 ) and displayed as 2D polygons (called fish track regions). By specifying at least two cross-sections per track (one of the final stages of the algorithm), cross-sections detected only once were excluded from further analysis. These were considered questionable based on the assumption that a genuine biological point target would likely be seen at least twice at such a rapid ping rate, except if it moved away rapidly in the opposite direction to the AUV.
Target classification
We considered images and videos of benthopelagic animals recorded at the MARS site as additional evidence (sensu Fernandes et al., 2016) to assist with the classification of our detected targets. Many of the species observed in these images and videos have also been recorded from HOVs, baited cameras and midwater trawls in Monterey Canyon (e.g. Anderson, 1980; Eittreim et al., 1989; Yeh and Drazen, 2011) , and we assumed that observations here and at the MARS site are representative of our nearby AUV survey site.
Target characterisation
The tracked targets were characterised in terms of their location, size and movement in space and time, and the results (analysis variables) were written to a number of csv files (export analysis). The track characteristics were summarised using spreadsheet software and the volumetric number-density of targets (ρ v in targets m −3 ) was estimated by echo counting based on a wedge-shaped sampling volume (Kieser and Mulligan, 1984) . Erroneous tracks were identified on the basis of anomalous characteristics and re-checked by visualising in three dimensions in Echoview (using the 3D single targets graph), resulting in the removal from the results of one track with an unrealistically high mean speed (15.8 m s
−1
). ρ v was calculated as the total number of targets (ΣTargets) divided by the sampling volume (V in m 3 ). ΣTargets was defined as the total number of tracks, and V (Fig. 7) was calculated as the "spherical volume" (sensu Trenkel et al., 2008) , being the sum of the ping volumes (ΣV p ) along the transect across all beams between the maximum range of the DVL-noise zone (R dvl-max , Fig. 4C ) and the minimum range of the sidelobe-interference zone (R s-min , Fig. 4F ).
R dvl-max was set for every ping to a fixed value of 20 m by applying the Linear Offset line operator to the "AUV depth" line (to create a virtual line that we called "DVL-noise max depth"; see Fig. 3 and Table 2 ). R s-min was set for each ping to the range of the seafloor directly below the transducer, defined as the range to the maximum S vu value in the nadir (0°) beam. This was calculated by creating a single-beam echogram for the nadir beam using the Angle Select operator, and applying the maximum Sv line pick algorithm (start/stop depth = 850/870 m) to create an editable line that was smoothed with the Smoothing Filter line operator (5-ping median) and called "Bottom depth directly below MBES (smoothed)" (see Fig. 3 and Table 2 ). V p for each ping was calculated as the area of the spherical volume in the across-track plane multiplied by the great-circle along-track distance to the next ping (d p ).
Results
Targets and tracks
A total of 1862 filtered cross-sections were detected, resulting in 366 verified tracks from 1152 cross-sections (Fig. 8) . The sampling volume (V) was 411,511.1 m 3 (noting from Table 1 that this represents 47% data loss from the water column due to DVL noise and sidelobe interference), Fig. 3 . Echoview screenshot of the dataflow window showing the operators used in the MBES data-processing workflow (see Section 2.3, Table 2 and the supplementary materials).
K.M. Dunlop et al. Deep-Sea Research Part I 134 (2018) , which is roughly half the volume of an Olympicsize swimming pool). Cross-sections ranged in length (see Table 3 for details regarding this metric and the others described in this section) from 18.3 to 144.8 cm (mean 42.7 cm, CV 54.5%; Fig. 9A ). Targets were not tracked for particularly long as the AUV moved over them, with the number of cross-sections per track ranging from 2 to 18 (mean 3.1, CV 61.9%), track lengths from 0.1 to 7.5 m (mean 1.0 m, CV 101.9%; Fig. 9B ) and track durations from 0.3 to 7.3 s (mean 0.9 s, CV 98.6%). Very few of the tracks terminated at across-track beam angles near the edge of the swath (i.e. close to −64°or +64°), indicating that when a target ceased to be detected, it was either beyond the swath in the along-track direction, or within the swath but no longer presenting a detectable crosssection. Tracks were more or less straight, with the tortuosity index (divergence from movement in a straight line) of each track ranging from 1 (a straight line) to 6.9 (mean 1.3, CV 58.6%). Track directions were mostly downwards, away from and ahead of the AUV (which itself was moving in a W direction, i.e. 270°, and descending at~0.05 m s −1 ), with 92.9% of the track directions being downward and 79.8% being forward within a 90°quadrant ahead of the AUV (i.e. 225-315°) (Fig. 10) . Track depth changes ranged from −1.0 m (i.e. upwards) to +3.7 m (i.e. downwards), and mean track speeds ranged from 0.2 to 4.5 m s −1 (mean
, CV 48.2%; Fig. 9C ). The mean track speed and horizontal direction was similar to the speed and direction of the AUV due to spatial confounding in the along-track dimension (see Section 4.5). This confounding was less likely to apply to the range dimension, and we interpreted the consistent downward movement of targets as an avoidance response to the AUV (see Section 4.1). The mean S vu of cross-sections within a given track did not vary appreciably from ping to ping (track range in S vu as a percentage of track mean S vu = 0.04-35.5%, mean 8.2%), and there was no obvious relationship between a cross-section's S vu and its across-track angle (Fig. 11A) . This indicated relatively little variance in backscatter due to target tilt angle and/or location within the MBES swath. Tracked-target depths ranged from 814.7 to 859.1 m (mean 833.7 m, CV 1.1%), and from 2.6 to 43.4 m above the nadir-beam seafloor depth (mean 26.4 m, CV 31.9%) (Figs. 9D and 11B ).
Target classification
Of the species observed by cameras at the MARS site, those within the approximate size range of our detected cross-sections include the giant grenadier (Albatrossia pectoralis), Californian slickhead (Alepocephalus tenebrosus), sablefish (Anoplopoma fimbria), finescale antimora (Antimora microlepis), twoline eelpout (Bothrocara brunneum), Pacific grenadier (Coryphaenoides acrolepis), Humboldt squid (Dosidicus gigas), eelpout (Lycodapus sp.), North Pacific hake (Merluccius productus) and filetail catfish (Parmaturus xaniurus). Of these species, Californian slickhead, finescale antimora, Pacific grenadier, Humboldt squid, eelpout and North Pacific hake (Fig. 12) have been commonly observed within the range of altitudes recorded for our detected targets (from 2.6 to 43.4 m off the seafloor; Fig. 9D ) and were therefore potential candidates, with the remaining species typically being observed within 2 m of the seafloor. Details of species observations at the MARS site are provided in the MBARI Deep-Sea Guide (Jacobsen Stout et al., 2016).
Discussion
As a proof of concept, the results provide an indication of the information that can be extracted from MBES water-column data collected in the deep-sea BBL. Our methods, which can be adapted as required to water-column MBES measurements from different environments and MBES systems, followed a logical workflow for echosounder data processing and were subject to familiar computational challenges (e.g. Buelens 
AUV-based data collection
The tools used to date to study deep-sea benthopelagic animals are known to have a range of limitations (Raymond, 2008) . Trawls can be destructive to the environment and to the captured specimens, are prone to avoidance or herding artefacts, and provide limited information on animal behaviour; HOVs and ROVs typically generate light and noise that can cause physiological damage to animals and influence their behaviour; camera sleds generate light and yield no physical samples; baited landers are limited to providing information on scavenger species; and they all sample only a relatively small volume of the environment (e.g. Cailliet et al., 1999; Jones et al., 2003; Widder et al., 2005; Mann et al., 2008) . The use of AUVs as survey platforms promises to address some of these limitations. However, there remains the potential for observer bias in the form of animal avoidance or attraction, which is clearly undesirable when wishing to accurately describe the natural distribution and swimming behaviour of animals. In our data, the consistent movement of targets downwards away from the AUV (Fig. 10) was indicative of avoidance (and see Section 4.5). For an MBES, orientation changes in targets relative to the MBES (as they move in a polarised orientation towards or away from the MBES and/or across beams with different steering angles) can cause significant changes in their backscattering strength (particularly those in the Rayleigh scattering regime, where the target size is closer to the acoustic wavelength), and this can influence the ability to detect them above the background noise level (Cutter and Demer, 2007) . However, as noted in Section 3.1, there was no evidence of such changes in this dataset. . The colour scale represents S vu in dB re 1 m 2 m −3 (see Eq.
(1)).
Table 3
The metrics used to characterise tracked targets (Echoview-specific items are presented in a different font). These metrics are referred to as analysis variables in Echoview, and were calculated by performing two different types of export analysis on the Target Property Threshold echogram shown in Fig. 3 . Details regarding the calculation of each analysis variable can be found in the Echoview Help file, available both with the software (Help > Contents) and online (Echoview Software, 2016) . Dunlop et al. Deep-Sea Research Part I 134 (2018) 64-79 The most likely cause of avoidance behaviour in response to a survey platform is radiated noise, but the perceived gradient of the acoustic pressure, visual cues, bow waves, particle acceleration and stimulated bioluminescence have also been suggested (De Robertis and Handegard, 2012) . A number of studies have considered the response of animals to AUVs (e.g. Patel et al., 2004; Tolimieri et al., 2008; Guihen et al., 2014) , but our results represent the first record, as far as we are aware, of potential AUV avoidance by animals in the deep sea. Avoidance behaviour in the deep sea has been observed in sablefish (Anoplopoma fimbria) "and other species" in Monterey Bay in response to an ROV, thought to be caused by the radiated noise from the hydraulic propulsion (Stoner et al., 2008) . The D. Allan B. was not configured with lights, and the source level from the propulsion and steering (measured in 2009 while passing within approximately 25 m of a Greeneridge Sciences Bioacoustic Probe hydrophone) was below 90 dB re 1μPa at 1 m range (cf. 124 dB for the "exceedingly quiet" AUV Autosub and~155 dB for the noise-reduced research vessel Scotia; Griffiths et al., 2001) . Additional experiments will be required to determine which aspects of the D. Allan. B. are responsible for any observed responses by animals. If noticeably different responses are apparent between species, the characteristics of the response could be used to assist in classifying targets (e.g. Spampinato et al., 2010) .
Data calibration
For water-column MBES studies, calibrated samples (see Section 2.3.1) can enable greater accuracy when quantifying the abundance, distribution, size and behaviour of targets such as fish and gas bubbles. If for practical reasons it is not possible to achieve calibrated data (a common situation for MBES surveys), there will be greater uncertainty in the results, but the majority of MBES water-column studies to date (including this one) have demonstrated that uncalibrated data can still provide valuable ecological information (e.g. Colbo et al., 2014; Kupilik and (1)).
Petersen, 2014). Nevertheless, there is significant interest in calibration methods for existing MBES systems (e.g. Demer et al., 2015) , as well as the development of new systems that can be more easily characterised. Hence we turn now to a discussion of data calibration for the SeaBat 7125.
Abundance
When a target represents aggregated individuals (see Section 4.4), echo integration is the technique used to estimate the abundance of those individuals (Foote, 1983; MacLennan et al., 2002) . This technique requires accurate (i.e. calibrated) measurements of S v for each sampling volume, along with an accurate estimate of TS for a representative individual in those volumes. In contrast to SBES and MBES systems with split-beam transducers, phaseless and potentially non-linear MBES systems such as the SeaBat 7125 (that are not designed for quantitative application and are unable to measure the off-axis location of a calibration reference target within each beam) are more challenging to calibrate (e.g. Melvin et al., 2003; Foote et al., 2005; Lanzoni and Weber, 2011) , while the assessment of representative TS is a complex task (e.g. Ona, 1999) that is compounded further for MBES data due to the greater range of angles (and sometimes frequencies, e.g. Trenkel et al., 2008) at which the targets are insonified (Cutter and Demer, 2007; Cutter et al., 2009) .
When the abundance of aggregated individuals (and hence S v ) is sought, quantification of S v from the echosounder's raw transceiver measurements requires access during data processing to all of the parameters required to solve the echosounder equation for volume backscattering. When the raw transceiver measurements are considered in terms of received electric power (P er in dB re 1 W), this equation takes the form (after Demer et al., 2015) : 
If we compare Eqs. (1) and (2), it becomes clear for SeaBat 7125 data that we need to understand the relationship between m and P er (or other suitable proxy for the acoustic pressure in front of the transducer) if we are to calculate S v from m using accurate (i.e. calibrated) parameters. We know (Gorm Wendelboe, pers. comm.) that a frequency- Fig. 7 . The sampling volume, V, for four consecutive pings (p 1 to p 4 ), based on the "spherical volume" described by Trenkel et al. (2008) and the "wedgeshaped volume" described by Kieser and Mulligan (1984) . See Section 2.3.5 for details. Note the exaggerated along-track scale for illustrative purposes. dependent scaling factor is required to relate m to the acoustic pressure in front of the hydrophone, but we do not have further details on how to calculate the value of this factor for a given frequency, or how the digitised voltage is derived from the analog voltage (whether as the peak amplitude, the normalised integral or something else). We also know (RESON, 2016) that the m value from the 7018 record is an unsigned 16-bit integer, meaning that it can range from 0 to 65,535 (i.e. 2 16 -1).
Given that power is proportional to voltage squared, we can speculate on how to calculate P er from m: 
where C f is the frequency-dependent scaling factor, p er,max and p er,min (in W) represent the dynamic range of the receiver, and the subscript rec denotes values obtained from the s7k records. This value of P er could then be used in Eq. (2) to replace Eq. (1).
Distribution, size and behaviour
MBES systems with very narrow beams (which include "imaging sonars" and high-resolution "swath" systems) offer the possibility of reliably detecting small (cm scale) individuals and aggregations across multiple beams at the same time. Their cross-sectional dimensions can therefore be measured directly if the beamwidths are known (e.g. Malzone et al., 2008) , hence it is important to accurately know the location (latitude, longitude, range and depth) and volume/extent (range extent, beam width) of each MBES sample to quantify target distribution, size and behaviour. It is important to note that the robustness of size measurements of individual animals, and the relationship of these measurements to total length, is a function of beamwidth, range, orientation and signal-to-noise ratio (Hightower et al., 2013) .
Regarding sample latitude and longitude, the INS positional drift is < 0.05% of the distance travelled when the DVL can detect the bottom. It was straightforward during data processing to match the INS position measurements to each MBES ping based on time, and to offset each sample based on range and beam-steering angle. Regarding sample range, Eq. (1) shows that it is not currently possible for the user to adjust r as a function of c w during data processing (should a different value of c w be required to the one entered in the acquisition software), but this adjustment could be easily achieved from the s7k records available. Regarding sample depth (D), in this study we were able to account for ping-to-ping changes in transducer depth and roll, but not pitch and yaw. The requirement to comprehensively account for transducer motion (attitude) will vary depending on the accuracy requirements of the survey and the capabilities of the echosounder (some MBES systems are capable of performing real-time motion correction, see e.g. Trenkel et al., 2008) , consideration of which should be made at the survey-design stage to determine what sensors are required (depth, roll, pitch, heading) and whether or not their measurements need to be incorporated when processing the data. While a high level of positional accuracy may not be critical for many surveys, the requirement to accurately account for ping-to-ping changes in attitude, and even decoupled transducer and platform movements, looks set to increase as new sensor-platform combinations become available and survey designs become more dynamic and complex (Dickey et al., 2008; Moline and Benoit-Bird, 2016) . Regarding sample volume/extent, in this study we applied only nominal values for the parameters required to calculate sample range-extent and beam width (c w , τ, α −3 dB and β −3 dB ; Table 1 ).
While these values were likely to have been relatively accurate, variation from their true value will have introduced error into any size measurements made (and see Section 4.4).
Data cleaning
Reverberation and noise are common in echosounder data (e.g. Fig. 9 . Histograms of selected tracked-cross-section and track metrics. Altitude refers to the vertical distance of the cross-section above the seafloor. See Table 3 for details regarding each metric. The track metrics are likely affected by spatial confounding (see Section 4.4).
K.M. Dunlop et al. Deep-Sea Research Part I 134 (2018 ) 64-79 Peña, 2016 , and examples of each were noticeable in this dataset (Fig. 4) . Two types of high-S vu intermittent noise were apparent . Type 1 noise (Figs. 4A and 6C-D) was visible across beams~114-127 (i.e. −6.78°to −0.25°across-track angle), with a duration of~0.5 ms and a rate of~20 ms (~50 Hz). There were no sources of 50 Hz alternating current (AC) in operation on the AUV, hence we cannot explain this as electrical interference. While the propeller did rotate with a frequency of roughly 50 Hz, it is unclear how this might have generated short pulses of~400 kHz sound in the direction of beams 114-127 only. Type 2 noise (Fig. 6E-F ) was visible across all beams, with a duration of~5 ms and a rate of~15 s (~0.1 Hz). This was likely due to the USBL beacon, which was interrogated by the surface vessel every~15 s for the first 25 min of the survey. The MBES hydrophone is located within the near field of the beacon, which transmits a square wave over a wide frequency band that includes the receive band of the MBES. A time-based subtraction algorithm (the Multibeam Background Removal operator; see Table 2 ) worked to remove some of the samples affected by type 1 and 2 noise, but the intermittent nature of these noise signatures rendered them temporally similar to the detected biological-target cross-sections, and a large proportion of the affected samples remained as contiguous clusters of high-S vu samples ( Fig. 6D and F) . Being larger than the biological-target cross-sections, these clusters were easily filtered out after detection on the basis of size (see Section 2.3.3). The noise signatures visible in Fig. 4B and C occurred in every ping and were likely to have been due to the DVL. The DVL was synchronised Table 3 for details regarding each metric. The horizontal directions are likely affected by spatial confounding (see Section 4.4), while the consistent downward vertical directions are indicative of an avoidance response by targets to the AUV (see Section 4.1). Fig. 11 . Scatterplots of selected tracked-cross-section metrics. Altitude refers to the vertical distance of the cross-section above the seafloor. The symbol size represents cross-section length across beams (smallest to largest = 18.3-144.8 cm). See Table 3 for details regarding each metric.
to ping at the same time as the MBES, but the square transmit pulse of the DVL is long (relative to the MBES pulse) and variable, and generates considerable sound energy over a wide frequency band that includes the receive band of the MBES. Although the close-range DVL-noise component (Fig. 4C ) was easily accounted for using a combination of the Multibeam Background Removal operator and a fixed-range exclusion line, it did result in the loss of information within 20 m of the hydrophone. This noise can be avoided by switching off the DVL during MBES survey operations, but this comes at the cost of reduced positional accuracy.
The natural stochastic fluctuations in backscatter measurements are a common concern for accurate multifrequency sample comparison in SBES data (e.g. Korneliussen et al., 2008) , but the focus with this dataset was to improve the detectability of targets of interest (which were marginal in size relative to the MBES sampling resolution; see Fig. 5 and Section 4.4) by enhancing their contrast from the background. Resampling and smoothing are two common techniques to remove statistical noise (see e.g. Peña, 2016 and references therein), and may well have worked effectively with this dataset, but we chose to apply a wavelet-based technique (using the Kovesi Image Denoising operator, after Kovesi, 1999) due to its ability to reduce stochastic variance while leaving the S vu value of target samples untouched.
Most of the MBES systems currently used for water-column studies suffer from sidelobe interference (see Andersen et al., 2006 for a notable exception), which can completely mask targets of interest (see Figs. 4, and 1a in Trenkel et al., 2008) . This reduces the available sampling volume close to strongly-reflective targets such as the seafloor, and should be taken into account when interpreting MBES-based measurements of target distribution (e.g. Figs. 9D and 11B) . Weber et al. (2009) describe a range-based threshold algorithm for the removal of sidelobe-affected samples, while we used the Multibeam Background Removal operator, which is a time-based subtraction algorithm (Table 2 ). This operator also served to remove some of the intermittent noise (Fig. 4A) , most of the DVL noise ( Fig. 4B and C) and the backscattering from the seafloor (Fig. 4E) . Algorithms for the mitigation of sidelobe-affected samples (Fig. 4F ) may vary in their efficacy depending on the data, and mostly serve to reduce the potential for spurious target detections rather than reveal targets within the affected samples (since the target backscattering strengths are often significantly weaker than the noise level). Ultimately, solutions for reverberation and noise should be sought via improvements to the survey setup and design and/or the hardware, rather than through data processing.
Target detection
In order to discern whether a detected cross-section represents an individual (such as a single fish) or an aggregation of individuals (such as a school of fish), it is necessary to consider the size, dispersion and movement of the individuals in the context of the sampling resolution of the echosounder, their orientation relative to the transducer (which is notoriously difficult to know) and any additional evidence (trawl, video etc.) . The nominal sample resolution of our MBES data (the volume represented by a single sample) was 2.15 cm along the beam axis and range-dependent across the beam axis (e.g. 1.75 × 0.97 cm at 1 m range, 87.27 × 43.63 cm at 50 m range; Table 1 ). With MBES data, the sample resolution is not necessarily equivalent to the ability to reliably identify target cross-sections; even though it is possible to detect a target that is smaller than an individual beam, a cross-section ideally needs to span multiple beams (maybe 3 or more) if we are to confidently discriminate it from noise. Moreover, the range-dependent nature of the horizontal sample resolution (due to beam spreading) introduces a range-dependent bias to the accuracy of a cross-section's across-track measurement (due to "spatial smearing"; Vatnehol, 2016) . For example, the cross-sections of fish ranging from 22 to 66 cm long and oriented in the across-track dimension would all extend completely across 3 beams at a range of 25 m, and hence appear the same on the echogram. At a range of 50 m, the fish lengths would range from 44 to 132 cm to extend across 3 beams, and so on. Processing of this dataset Fig. 12 . Video frame grabs from the MARS site of fish and squid species that have been observed within the size range and altitude range of cross-sections detected by the MBES during this study.
K.M. Dunlop et al. Deep-Sea Research Part I 134 (2018) [64] [65] [66] [67] [68] [69] [70] [71] [72] [73] [74] [75] [76] [77] [78] [79] demonstrates that the reliability of target identification declines with increasing range from the transducer. This can be mitigated by mounting the echosounder on an AUV and bringing the transducer closer to the target (see e.g. Benoit-Bird et al., 2017 for an SBES example).
Target tracking vs. scanning
In order to track an individual or an aggregation, it is necessary to follow its geometric centre over space and time. This is possible for point targets (sensu Lurton, 2002) , especially when locational accuracy is improved using split-beam techniques (typically for SBES data) and/ or narrower beams (typically for MBES data, until the beams start to become narrower than the target in the along-track dimension). When tracking in situations where there are extended targets (sensu Lurton, 2002) , spatial confounding becomes an issue as the target size increases relative to the beam width. This is because it becomes harder to equate the location of the detected cross-section with the geometric centre of the target at any given point in time.
In our data we were unable to robustly determine whether a detected cross-section was from a point target or an extended target, because the cross-sections were small relative to the sample resolution. Hence we were unable to recognise shapes that might help us discern individuals from aggregations in order to gauge the likely along-track scale, so it was not possible to unambiguously determine whether we were tracking the movement of the target through space and time, or whether we were scanning through its spatial extent. Given the deepsea environment and the MBES beam widths, most of the cross-sections were likely to have been from individual fish or squid in the 20-150 cm length range. These would therefore have been either point targets (i.e. completely insonified within the beams of the swath) or slightly extended targets (meaning that tracking was an appropriate approach), but it is still possible that a proportion of our 'tracks' actually approximated the spatial extent of extended targets. Perhaps of greater concern, the inability to position cross-sections in the along-track dimension anywhere other than the beam axis meant that there was a significant autocorrelation bias between the along-track direction of each track and the movement of the AUV. This was further complicated by any heading changes in the AUV, which cause the MBES swath to swing and the individual beams to move in different vectors.
When wishing to track a point target or scan through an extended target, the first step is to detect the target cross-sections in each ping. We must then determine if the geometric centre of the cross-section approximates the geometric centre of the target (a tricky task, as we have discussed), in order to determine whether we should then track the target across multiple pings or whether we should scan through it. We have shown that this relates to the size of the target in relation to the sampling volume, along with what else we might confidently know about the insonified targets. In Echoview, the Multibeam Target Detection operator is designed specifically to detect point-target cross-sections, with the next step being to track them with the fish tracking algorithm. For extended targets, the cross-sections are not detected with the Multibeam Target Detection operator, even though the approach is conceptually identical, but as part of the 3D schools detection algorithm (whether by ping or cruise scanning).
Future directions for deep-sea water-column echosounding
This study demonstrates the importance of close collaboration between hardware and software engineers, acousticians and aquatic ecologists. There were a number of limitations inherent in the survey design that could be improved in future echosounder surveys of the BBL. Range biases in the data could be addressed by repeating each transect at a number of different altitudes. The reduction of vessel avoidance might be achieved by orienting the MBES horizontally, on the assumption that radiated noise and any other stimuli are weaker out to the side of the AUV (see e.g. Benoit-Bird and Au, 2009). The limitations inherent in the SeaBat 7125 system (especially sidelobe interference and the marginal sampling resolution relative to the size of the targets) could be addressed by leveraging the strengths of other types of echosounder system, notwithstanding the practical considerations regarding installation on a deep-deployed AUV. For example: imaging sonars (ultra-high-resolution swath MBES systems) have a higher sampling resolution (e.g. Kupilik and Petersen, 2014) ; wideband (aka broadband) SBES systems are capable of higher-resolution target detection (using match-filtering techniques, aka pulse compression; e.g. Stanton et al., 2010) , greater discrimination of targets close to the seafloor (through pulse-ramping techniques; e.g. Lavery et al., 2017) and wideband species identification (e.g. Ross et al., 2013; Jech et al., 2017) out to considerable range; split-beam MBES systems facilitate calibration (e.g. Trenkel et al., 2008; Melvin and Cochrane, 2014) ; MBES systems that vary the frequency between beams have reduced sidelobes (e.g. Andersen et al., 2006) ; and omnidirectional and 3D MBES systems sample a greater volume of water (e.g. Andersen et al., 2006; Vatnehol, 2016; Matte et al., 2017) . In addition, the interpretation of the echosounder data will be improved by deploying complementary monitoring technologies (trawls, HOVs, ROVs, cameras, landers) in close spatial and temporal proximity to the survey.
Conclusions
The results demonstrate that an AUV-mounted MBES has the potential to provide unique and detailed information on the in situ abundance, distribution, size and behaviour of deep-sea benthopelagic animals. This remote-sensing approach addresses some of the limitations of existing deep-sea monitoring technologies in that it is considerably less invasive and can rapidly sample significant volumes of water at relatively high spatial and temporal resolution. However, the inherent limitations of the echosounder data and the potential for vessel avoidance must be considered. We provide detailed data-processing information for those interested in working with water-column MBES data, a critical appraisal of the data in the context of aquatic ecosystem research, and a consideration of future directions for deep-sea watercolumn echosounding.
